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The modern environment is conducive to sedentary lifestyle with increased propensity for obesity and adverse cardio-metabolic risk. The current obesity epidemic is ultimately due to an imbalance between energy intake and energy expenditure. 1 High leisure-time physical activity and high levels of physical fitness are associated with reduced levels of total and visceral fat, lowered cardio-metabolic risk factors, reduced prevalence of metabolic syndrome, type 2 diabetes and coronary heart disease and reduced mortality. 2 Research on the specific effects of long-term physical activity is challenging due to considerable difficulties in conducting randomized controlled long-term exercise trials. We combined two population-based approaches to address this issue. To control for childhood environments and partially for genetic factors possibly underlying the associations between physical activity and cardio-metabolic risk factor levels, we selected same-sex twin pairs from a population-based cohort of baseline-healthy twin pairs 3, 4 on the basis of their 32-year discordance for physical activity. To test our findings in the general population, we identified persistently active or inactive individuals from three independent population-based cohort studies. [5] [6] [7] [8] As physical activity may affect health via multiple mechanisms, 2, 9 it is important to undertake a comprehensive evaluation of metabolic profile to gain insights into underlying biochemical pathways and connectivities; accordingly we used a quantitative high-throughput serum metabolomics platform based on nuclear magnetic resonance (NMR) spectroscopy. [10] [11] [12] Here we show that such a metabolomics approach applied to multiple population-based cohorts, enabled improved understanding of the overall associations between long-term physical activity and circulating metabolome. The findings include identification of correlated molecular pathways with potential for targeted intervention efforts. environments and partially for genetic factors possibly underlying the associatio on n ns b b bet et twe we ween en en physical activity and cardio-metabolic risk factor levels, we selected same-sex twin pairs from a po opu pu pula la lati ti tion on n-b -b -ba a ased ed d c c coh o ort of baseline-healthy twi in n n pa airs 3, 4 on the ba ba asis of of of t t the h ir 32-year d di disc c cor o dance fo or r ph ph phys sic ic ical al l a a ac ct ctiv iv ivi it ity. y. To To To t tes est t ou ur r f f find din ing gs i i in n n th the e e g ge gen ne er ra al l po po opu u ula lati ti tio on on, w we we i ide de dent nt tif if ifie e ied d pe pers rs rsis is ste te tent ntly ly ly a a act ctiv iv ve or or i i ina na act ctiv ive e e in in ndi di divi vi vidu dual als s s fr fr from om om t thr hr re ee e r r in n nde de depe pe pend nd den en ent t po po popu pu ula ati tion on n-b -b bas ased ed ed coh oh ho or rt t tudies. 5 
Methods

Participants and Physical Activity Assessments
Twin pairs aged 25 to 64 years on January 1, 1976, and discordant for physical activity according to physical activity assessments conducted in 1975 and 1981 3, 13 were selected to participate in a physical activity follow-up 14 from among 5663 same-sex apparently healthy twin pairs participating in the Finnish Twin Cohort study. Sixteen same-sex middle-aged and older twin pairs (seven monozygotic and nine dizygotic, age range 50-74 yrs) fulfilled the 32-year physical activity discordance criterion based on baseline (1975, 1981) and follow-up (1980 to 2005) assessments, and participated in clinical study measurements in 2007 ( Table 1) . 4 The physical activity discordance measure used a series of validated structured questions on leisure activity and physical activity during journeys to and from work. 3, 4, 14 Leisure activity was quantified as a metabolic equivalent (MET) index (average intensity of activity as product of resting metabolic rate x average duration of one session x monthly frequency) and expressed as a sum score of leisure time MET hours/day ( Table 1) .
The three population-based cohorts were examined at least twice. The two visits for which data were used in this study are termed baseline and follow-up examination, occurring at least 5 years apart. The participants were eligible for the current analysis if they were free from type 1 diabetes, reported physical activity data at both baseline and follow-up examinations and gave blood samples at the follow-up examination. The participants' leisure time physical activity was assessed using cohort-specific questionnaires; participants were classified as physically active, physically inactive or other. Those who were active or inactive at both assessments (baseline and follow-up) were classified as persistently active or persistently inactive, respectively.
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In the Pieksämäki cohort study, all the inhabitants of Pieksämäki town (Eastern Finland) born in 1942, 1947, 1952, 1957 and 1962 (N=1292) , were invited for a health check-up in 1997-1998 (baseline) and again in 2003-2004 (follow-up). 8 Of all participants invited 848 were eligible for this study. Those who exercised at least 3 times per week at baseline and at follow-up were classified as persistently active (N=115) and those who exercised once a week or less (N=144) were inactive; number of age-and sex-matched pairs for active vs. inactive comparison was 115 ( Table 2 ).
The Cardiovascular Risk in Young Finns Study (YFS) is an on-going multicenter followup study of atherosclerosis risk factors. 7 The baseline examination used for this report was performed in 2001 (participants aged 24-39) and the follow-up survey in 2007, when 2204 participants attended, of whom 2175 were eligible for this study. In the YFS a MET score for leisure-time physical activity including commuting activity was calculated as described in detail elsewhere. 15 Participants who were in the highest physical activity tertile (MET score 21.6
MET-h/week) in both 2001 and 2007 were classified as persistently active (N=300) and those who were in the lowest physical activity tertile (MET score 5.0 MET-h/week) (N=333) as persistently inactive, the number of matched pairs being 300 ( Table 2) .
The Northern Finland Birth Cohort 1966 (NFBC1966) 5 included all children with expected date of birth in 1966 (N=12058). We used data from the follow-ups conducted in 1980 and 1997-98, at ages 14 (baseline) and 31 (follow-up) years; 6007 participants were eligible for this study. Questionnaire data on frequency, intensity and duration of leisure-time physical activity were used to identify participants who were persistently active (N=622) and persistently inactive (N=1521), as described earlier in detail; 6 the number of matched pairs was 622 ( Table   2) . participants attended, of whom 2175 were eligible for this study. In the YFS a MET score for e eis is sur u ure-e-e-ti ti time me me p p phy ysi si sic ca cal activity including commuti ti ing ng n activity was c cal a a cu ula la late te ted as described in detail el lse e ew where. 15 5 P Par arti t t c c cipa pant nts s s wh wh who o o we were re re i in n th th he hi igh h hest p ph hys si sic ca cal l ac ac acti tivi vi ity y y t ter erti ti t le e e ( (ME ME MET T sc sc cor or re e 21 21 21.6 6 .6 ME ME ET-T-T h/ h/ h we we eek ek ek) ) in in n b b bot oth h 20 20 001 0 a a and nd d 2 2 200 00 007 7 we we were re re c c cla a ass ss s if if fie e ed d a a as pe pe per r rsis is ste te t n nt ntly ly ly a ac c c d tiv ve ve ( ( (N= N= N=30 30 00) 0) 0) an n nd t tho hos se se who were in n th th the e e lo lo owe we w st st s p phy hy ysi si ica ca c l l l ac ac a ti ti tivi v ty ty ty t t ter er erti ti t le le le ( ( (ME ME MET T T sc sc cor or ore e e 5. 5. 5.0 0 0 ME ME MET-T-T h/ h/ h/we we week ek k) ) ) (N (N (N=3 =3 333 The present study was conducted according to guidelines of the Declaration of Helsinki.
The twin study was approved by the Ethics Committee of the Central Finland Health Care District, and the Pieksämäki, YFS, and NFBC1966 study protocols were duly approved by the respective local ethics committees. The participants provided written informed consent.
Measurements
Blood samples were collected after overnight fasting, and height and weight were measured at follow-up (Tables 1 and 2).
All serum samples were kept at -80 o C until analyzed using the same high-throughput serum NMR metabolomics platform; the experimental protocols including sample preparation and NMR spectroscopy methods have been described in detail elsewhere 10, 11, 16, 17 as well as briefly in Supplemental Methods 1. This platform provides comprehensive quantitative information on lipoprotein subclass lipid distribution and particle concentrations, low-molecularweight metabolites such as amino acids, ketone bodies, and glycolytic precursors, and detailed molecular information on serum lipids including, e.g., omega-3 and omega-6 fatty acids. This platform has recently been applied in various large-scale epidemiological and genetic studies. 11, 12, 17, 18 Other measurements in twins included whole body composition using the bioimpedance method, 19 cross-sectional area of abdominal visceral fat and area of intramuscular ectopic fat infiltrations of the mid-thigh using T1-weighted MR scans 19 and estimation of the maximal peak oxygen uptake using a symptom-limited maximal clinical exercise test with a bicycle ergometry. 4 Preceding the laboratory visits the twins kept a food diary for five days within one
week (three weekdays and weekend). 20 In addition, ten twin pairs free of diabetes and coronary heart disease volunteered another laboratory visit to give muscle (m. vastus lateralis) and
and NMR spectroscopy methods have been described in detail elsewhere 10,11,16, after an overnight fast. 21 After clustering of genes expressed differentially between active and inactive co-twins into functional groups the "leading-edge" genes (i.e. genes contributing to the enrichment scores of the Gene Set Enrichment Analysis) 22 were used to calculate expression centroids for those gene sets which were most up-regulated among active compared to inactive co-twins. 21 Before both their laboratory visits the twins were advised not to exercise vigorously (except for walking and other daily chores) during the two days before the visits.
Statistical Analyses
We applied a global statistical test to investigate the combination of metabolite differences between active members of twin pairs and their inactive co-twins (see Supplemental Methods 2 with Supplemental Figure 1 for details, the full list of variables included in this analysis is shown in Supplemental Table 1 ). Briefly, we calculated activity-related differences in three ways: Profile I is the average within twin pair difference for each metabolite, Profile IIa is the average correlation between the exercise score and metabolite concentration in the active and P-values and 95% confidence intervals were calculated by paired bootstrapping (Figures   1 and 2) . Table 1 ). Briefly, we c c ca al alc cu ulated activity y y-r -relat at ted ed ed differences in three w way ys ys: Profile I I is is is t the he a a ave e era ra age ge ge w w wit ith hi hin n n tw tw wi in n pa a air r diff ff fe er ren nce ce ce f fo or e eac ach h me meta ta abo o oli lite te e, , Pr Prof of ofil il le e e II II IIa is is is t the he he av ver er erag ag age e e co corr rr rrel e elat ati io ion n n be be etw tw wee een th th t e e e ex ex exe er erci ci ise se e s s sco co core e e an an nd me me eta a abo bo bol l lite te e c co on once ce cent nt tra rati ti t on on n i in n n th th he e e a a acti ti ive e e a an n nd The permutation and bootstrapping analyses as well as the first step (i) of the network analysis were conducted in Octave program environment (http://www.gnu.org/software/octave/) and the second step (graphics) (ii) of the network analysis using the Himmeli software. 23
Results
The combination of metabolite differences between active members of twin pairs and their inactive co-twins was investigated by permutation analysis with two test statistics: the internal setting constructed within the twin data showed a P-value of 0.003 and the external validation using a population-based (global) metabolic profile as an independent reference yielded a Pvalue of 0.006.
We discovered consistent differences in the serum metabolome between active and inactive members of twin pairs and between age-and sex-matched active and inactive individuals from different population-based samples with differing mean ages (Figure 1) . Figure   2 shows the meta-analysis results. Point estimates of the differences between active vs. inactive individuals tended to be greater among twin pairs who were older and had been strongly discordant for physical activity for a longer period than individuals from other cohorts (Figure 1) , and the second step (graphics) (ii) of the network analysis using the Himmeli so oft ft ftwa wa are e e. . 23 23 23 Supplemental Table 3 .
Re Resu su sult lt lts s s
Concentrations of triglycerides and VLDL particles as well as LDL-and IDL-cholesterol
were lower in active than in inactive individuals (Figures 1 & 2) . Concentrations of large but not small HDL particles were higher in active compared with inactive individuals in all sub-studies.
This was also reflected in larger HDL particle size and higher HDL 2 -cholesterol among active individuals. ApoB/apoA1 -ratio was lower in active than in inactive individuals. Among active compared with inactive participants, serum fatty acid composition was shifted from saturated to a more polyunsaturated profile (Figures 1 & 2) .
Among active participants in all sub-groups isoleucine levels were lower than in their inactive counterparts; 1-acid glycoprotein levels behaved similarly (Figures 1 & 2) . In the meta-analysis glucose levels were lower among active than inactive individuals ( Table 2) .
Although physical activity was associated with less abdominal visceral fat in twins (Table 1) , the correlations between maximal oxygen uptake and HDL 2 -cholesterol (r=0.41, P=0.027), glucose (r=-0.41, P=0.029), 1-acid glycoprotein (r=-0.50, P=0.006) and isoleucine (r=-0.37, P=0.049) remained statistically significant after adjustment for age, sex and visceral fat. ). ). In the activity was connected in particular to the muscle ubiquinone biosynthesis and oxidative phosphorylation gene set expressions. The serum metabolome measures linked closest to physical activity were omega-3 and other polyunsaturated fatty acids, and further VLDL metabolism, which were further linked to specific adipose tissue gene set expressions.
Discussion
Instead of investigating only some specific variables we studied more global differences in the serum metabolome between persistently active and inactive individuals, which differences together may have an important effect on health. The large-scale difference in circulating metabolome between persistently active and inactive members of twin pairs supports current understanding that long-term participation in physical activity helps to reduce the increased cardio-metabolic risk associated with sedentary lifestyle. The metabolic findings were similar in active vs. inactive individuals identified from three different population cohorts of differing mean ages. Our study provides further mechanistic understanding of earlier findings that a phenotype characterized by high physical activity or aerobic fitness predicts low cardiometabolic morbidity and mortality more strongly than any other known biological risk factor. 2, 3, 24, 25, 26 The analysis of correlation structure among twins (Figure 3 ) links the physical activityassociated differences in muscle and adipose tissue gene expressions with the serum metabolome and further with clinically observable differences in body fat and maximal oxygen uptake.
A recent follow-up study showed an association between high serum branched-chain amino-acid (BCAA) levels and future type 2 diabetes. 27 This concurs with our finding on lower isoleucine level in physically active individuals who are known to have reduced risk for type 2 diabetes. 28 Our earlier study 21 (Figure 3) . The findings suggest that at cellular level the use of BCAAs and fatty acids are interrelated via the same metabolic circuit. Thus, BCAArelated mitochondrial metabolism of fatty acids may explain the observed lower isoleucine levels among the physically active; and in accordance with earlier human [29] [30] [31] and experimental 31, 32 studies, high BCAA degradation and use is associated with high aerobic capacity and low body fat.
A novel finding in our materials was the consistently lower levels of 1-acid glycoprotein (orosomucoid) among the active compared to the inactive individuals. 1-acid glycoprotein is an acute-phase serum protein mainly produced by the liver in response to proinflammatory cytokines 33 and has been shown to be a predictor of in-hospital death in the elderly. 34 Compared to healthy individuals, 1-acid glycoprotein levels have been shown to be higher among subjects with type 2 diabetes and/or metabolic syndrome. 35 This finding may be associated with increased low-grade inflammation. Both isoleucine and 1-acid glycoprotein deserve further study as potential novel candidates for clinical predictors of cardio-metabolic diseases and risk of death.
The trends towards lower VLDL, IDL and LDL particle concentrations as well as lower triglyceride and higher HDL cholesterol levels in active individuals are in agreement with earlier data linking physical activity with decreased risk of coronary heart disease. 9, 36, 37 In our data, long-term persistent physical activity was associated with higher levels of very large and large HDL particles, which, unlike small HDL particles, are associated with reduced risk of coronary heart disease via various mechanisms. 11, 38 Further, up-regulation of skeletal muscle oxidative phosphorylation gene set expression was strongly associated with HDL-levels (age-and sexadjusted r=0.62, p<0.001) in the twin material (Figure 3 ). 21 HDL cholesterol may have as yet acute-phase serum protein mainly produced by the liver in response to proinflamm mm mat at a or ry y y cytokines 33 and has been shown to be a predictor of in-hospital death in the elderly. 34 12 unknown roles in oxidative metabolism, such as its role as (mi)RNA transporter. 39 In addition, a finding consistently pointing towards lower cardiovascular risk among the physically active was their lower apoB/apoA1 -ratio. The level of apoB indicates the number of potentially atherogenic lipoprotein particles, whereas apoA1 appears essential in the removal of excess cholesterol from peripheral tissues in the process of reverse cholesterol transport. The apoB/apoA1-ratio has been reported to be a better predictor of cardiovascular events than serum lipids. 40 Further, our study gives evidence of an association of physical activity with beneficial fatty acid profile, which is in accordance with a recent study comparing individuals with high and low cardiorespiratory fitness. 41 As there were no differences in saturated, monounsaturated and polyunsaturated fat intakes between the active and inactive members of twin pairs ( Table 1) We observed lower fasting glucose levels among active than among inactive co-twins and individuals. Physical activity contributes to glucose homeostasis through both acute 42 and nonacute mechanisms. 43 The observed close links between physical activity, aerobic fitness, and low cardiorespiratory fitness. 41 As there were no differences in saturated, m mo o onou ou o ns ns sat at atur ur urat at a ed ed and polyunsaturated fat intakes between the active and inactive members of twin pairs ( Table 1) t s see ee eem ms ms t t tha ha hat t t a at l lea ea east st some of these differences a a are re re glycemia (reduced glucose levels in active) and body adiposity (Figure 3 ) could be the result of a long-term adaptation to increased oxygen demand and fatty acid usage, and consequent reduction in fatty acid storage and insulin resistance.
Our study has both strengths and limitations. Our co-twin case-control design with carefully identified target pairs discordant for physical activity over more than 30 years is a unique resource for identifying metabolic consequences associated with long-term physical activity vs. inactivity. However, because of the strict physical activity discordance criterion, we were able to include only a limited number of twin pairs despite a comprehensive nationwide search. A major strength is that we replicated our findings in twins among persistently physically active and inactive individuals from other population-based cohort studies. We adjusted our meta-analysis results for body mass index, but did not have coherent dietary information from all the cohorts. Differences in dietary composition between the active and inactive individuals may potentially affect the metabolome, however the associations of macronutrients with fasting metabolite concentrations are modest 44 and the main results were essentially similar when adjusting for food-frequency questionnaire-based dietary composition in the YFS. We applied a network approach to highlight the key associations between the metabolic measures, clinical traits and gene expression in the twins. The interpretation of biological networks relies on the methodological approximations made and therefore we have also provided the full correlation structure in Supplemental Figure 2 .
In conclusion, our population-based findings indicate that persistently physically active individuals have a coherently healthier circulating metabolite profile than their inactive counterparts. Consequently, our findings lend support to efforts for increased physical activity to reduce the public health burden of complex cardio-metabolic diseases. 2, 45 active and inactive individuals from other population-based cohort studies. We denotes the ratio of omega-3 fatty acids to total fatty acids, omega-6 FA ratio denotes the ratio of omega-6 fatty acids to total fatty acids, omega-7,9 and sat FA ratio denotes the ratio of omega-7, -9 and saturated fatty acids to total fatty acids. Supplemental Table 1 . List of analyzed variables (NMR metabolomics platform) Supplemental Table 2 . Definition of composite metabolic measures for Figure 3A in the main manuscript Supplemental Table 3 . Spearman correlations between serum metabolome measures and the mean leisure time MET-index during the follow-up from 1980 to 2005 among the twins
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Supplemental Figure 1 . Illustration of the hypothesis testing framework for global metabolome significance in the twin study design (hypothetical data) Supplemental Figure 2 . Spearman correlation structure of the twin dataset, adjusted for age and gender Supplemental Figure 3 . Illustration of network pruning by successive maximal spanning trees (hypothetical data)
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Supplemental Methods
Supplemental Methods 1. Serum NMR metabolomics
The comprehensive metabolite data analyzed in this study were quantified using a single high-throughput NMR metabolomics platform employing an optimized measurement and analysis protocols for serum samples. [1] [2] [3] This platform has recently been applied in various large-scale epidemiological and genetic studies. [4] [5] [6] [7] [8] [9] [10] [11] The NMR metabolomics methodology provides quantitative information on over 100 primary metabolite measures comprising lipoprotein subclass distributions with 14 subclasses quantified as well as low-molecularweight metabolites such as amino acids and ketone bodies, and detailed molecular information on serum lipid extracts including lipid species concentrations and the degree of fatty acid saturation. The complete list of metabolite measures is listed in Supplementary  Table 1 .
The fasting state serum samples were stored in a freezer at -80 °C. The frozen samples were first slowly thawed in a refrigerator (+ 4 °C) overnight prior to measurements. Aliquots of each sample (300 µl) were mixed with 300 µl of sodium phosphate buffer using a robotic Gilson Liquid Handler. The NMR-based metabolite quantification is achieved through measurements of three molecular windows from each serum sample. Two of the spectra (LIPO and LMWM windows) are acquired from native serum and one spectrum from serum lipid extracts (LIPID window). The NMR spectra were measured using a Bruker AVANCE III spectrometer operating at 500 MHz. 1,2 Measurements of native serum samples and serum lipid extracts were conducted at 37°C and at 22°C, respectively.
The LIPO window represents a standard spectrum of human serum displaying broad overlapping resonances arising from lipid molecules in various lipoprotein particles. The LIPO data were recorded using 8 transients acquired using a NOESY-presat pulse sequence with mixing time of 10 ms and water peak suppression. Acquisition time was 2.7 s and the relaxation delay 3.0 s. The LMWM window includes signals from various low-molecularweight molecules. The LMWM spectrum was recorded using a relaxation-filtered pulse sequence that suppress most of the broad macromolecule and lipid signals to enhance detection of small solutes. Specifically, a CPMG pulse sequence with a 78 ms T 2 -filter and fixed echo delay of 403 µs was applied using 24 transients. Acquisition time was 3.3 s and the relaxation delay 3.0 s.
Extraction of lipid species from native serum samples was carried out by adding 5 ml of methanol, 10 ml dichloromethane and 15 ml 0.15 M sodium chloride solution to the serum samples including buffer. 2, 4 The organic phase was recovered and evaporated to dryness with pressurized air. The LIPID window of the serum extracts was acquired with a standard 1D spectrum using 32 transients. A relaxation delay of 3.0 s and an acquisition time of 3.3 s were used.
The NMR spectral data were analyzed for absolute metabolite quantification in an automated fashion. For each metabolite a ridge regression model was applied for quantification in order to overcome the problems of heavily overlapping spectral data. In the case of the lipoprotein lipid data, quantification models have been calibrated using high performance liquid chromatography methods 12 1 nm) , medium-size HDL (10.9 nm), and small HDL (8.7 nm). In addition, mean particle diameters of VLDL, LDL and HDL fractions were calculated on the basis of the corresponding subclass distributions. Low-molecular-weight metabolites as well as lipid extract measures were quantified in mmol/L based on regression modeling calibrated against a set of manually fitted metabolite measures. The calibration data was quantified based on iterative lineshape fitting analyses using PERCH NMR software (PERCH Solutions Ltd., Kuopio, Finland). Absolute quantification cannot be directly established for the lipid extract measures due to experimental variation in the lipid extraction protocol. Therefore, serum extract metabolites are scaled via the total cholesterol as quantified also from the native serum LIPO spectrum.
Supplemental Methods 2: Statistical significance of metabolic profiles
The large number of metabolites and small number of twin pairs presents a challenge for statistical analyses. In particular, there is low power to detect clinically meaningful univariate differences beyond a multiple testing threshold. We therefore reduced the global metabolic variance into one summary measure, and performed a single test with this measure. Principal component analysis and other linear decomposition methods are popular means to reduce data dimensionality, but the paired study design and low number of samples make it difficult to create a robust multivariate model. Instead, we developed a simpler mathematical approach to reduce the data to one dimension. Supplemental Figure 1 is an illustration of the "global metabolism test" we devised for the twin dataset. Our goal was to determine whether the overall metabolic profile differed significantly between active and inactive twins. We also wanted to integrate data from the population cohorts to see if the metabolic differences were consistent across datasets.
Definition and testing of the null hypothesis
Our null hypothesis was that an active twin's metabolic profile and the inactive co-twin's profile were not different. The twins were selected based on their physical activity records (not randomly picked from a population), which could lead to sampling bias. We therefore required that the differences, if any exist, must also be consistent with independent data, or the null hypothesis stands. Independent data was obtained from two sources. In the twin set, we calculated the correlation coefficient between leisure time physical activity and each metabolite, in the active and inactive groups separately. The internal reference profile was defined as the mean correlation over the two groups. Although the individuals are the same, the profile is mathematically independent of the pair-wise differences. The external reference was calculated by subtracting the mean concentrations in the inactive group from the mean of the active group in the pooled population cohorts.
Both the magnitude and direction of metabolite differences are of importance. We looked for a simple statistic that is positive when both the activity-related metabolic differences and reference profile are in the same direction, and negative otherwise. We also wanted to emphasize those metabolites that show large differences between active and inactive individuals to prevent random jitter around zero from obscuring the directionality. Vector multiplication fulfills both criteria: if x denotes the row vector of multivariate differences between active and their inactive co-twins, and y is the reference, then s = xy T yields a suitable test statistic. Statistical significance was tested empirically by permutation analysis. [14] [15] [16] First, activity status was permuted within families to create all the possible 2 16 = 65532 combinations of activity swaps (see Supplemental Figure 1 for a hypothetical example). The test statistic was then re-calculated for each permuted set to obtain the null distribution. The final P-value was estimated by a Gaussian approximation.
Statistical comparisons by bootstrapping
Due to the selected case-control study design, we chose bootstrapping as the main method of statistical comparisons between active and inactive individuals. 16 For the twin study, the bootstrapping algorithm was applied to the pairs: random sampling with replacement was applied to the 16 pairs of twins, and the mean difference between an active and inactive twin was stored. For the population cohorts, the same bootstrapping algorithm was applied for the age and sex-matched active-inactive pairs. A total of 10000 bootstrap samples were created for each dataset. Meta-analysis was performed after the bootstrapping statistics were calculated for each cohort. First, the initial means and variances of the metabolite differences were calculated from the bootstrap samples for each cohort separately. The final meta-analyzed mean difference was the inverse-variance weighted average of the cohort-specific mean differences. All variables in the bootstrap method were screened for skewed distributions and logtransformed if absolute skewness exceeded 1. Ratios were not treated differently from the absolute concentrations since the logarithmic preprocessing successfully converted all affected variables into well-contained distributions. The preprocessed values were divided by their respective standard deviation before calculating the pair differences to eliminate scale effects. The bootstrap sample distributions were also checked if they were incompatible with the Gaussian approximation, but all were symmetric with well-contained tails. Multiple testing correction was performed by estimating the minimum number of orthogonal linear components (PCA) that explained 99% of the observed variance in a dataset. The highest number (26 components) was observed in the NFBC66 cohort, which was also the largest cohort by number of individuals, and we used that as a consistent conservative estimate in all multiple testing corrections using Bonferroni method.
Supplemental Methods 3: Network visualization
A large number of variables is a challenge not only in statistical modeling, but also in the illustration of results. Data-driven network approaches may provide important insight into the statistical relationships between gene expression, intermediate metabolites and clinical phenotypes. We calculated the pruned correlation structure of the dataset to visualize associations between the observable quantities and hence give insights into the underlying biological pathways.
Grouping related variables into composite traits
Before the network analysis, we condensed the metabolomics dataset to ensure legibility of the final figure (the full correlation matrix is shown in Supplemental Figure 2 ). We grouped the age and gender adjusted variables into blocks according to knowledge of biological or physical relatedness, and then calculated the first principal component for each block; this provided us with a single continuous score for each metabolite block. Together with selected clinical features and gene expression data, we ended up with 24 variables. This limited set of variables was considered the nodes of a network, and the connections between the nodes were defined by the statistical associations between the corresponding variables. The composite measures (blocks) and relative contributions of block members are listed in Supplemental Table 2 . Supplemental Table 1 
Supplemental Tables
Serum lipid extracts ('Lipid window')
Esterified cholesterol Supplemental Table 2 . Definition and fit of composite metabolic measures for Figure 3A in the main manuscript. The NMR metabolomics produces a number of biologically overlapping measures from each lipoprotein subclass and lipid species. The goal of the network analysis was to simplify the data representation, and we therefore limited our selection to the two primary lipoprotein lipids (triglycerides and cholesterol) and excluded all derived measures or fatty acid ratios. Supplemental Table 3 . Age-and sex-adjusted Spearman correlations between the key serum metabolome measures (see Figure 1 ) and the mean leisure time MET-index during the follow-up from 1980 to 2005 among the inactive and active members of the twin pairs and among all the twins. 
Supplemental Figures
Supplemental Figure 1 . Illustration of the hypothesis testing framework for global metabolome significance in the twin study design (hypothetical data)
Supplemental Figure 2 . Spearman correlation structure of the twin dataset, adjusted for age and sex.
The colored pixels denote coefficients with a single test significance of P<0.05.
